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Recent research based on matched employer-employee databases has revealed that wages of similar workers within firms and productivities of similar firms within industries can be substantially dispersed. Moreover, a given worker may earn different wages at different firms. The classical framework under which all workers and firms are alike and can freely enter and exit the marketplace has difficulties to accommodate such findings. This has spurned the development of models that allow for search frictions and that consider wages and productivity as involving worker-specific, firm-specific, and match-specific components. Burdett and Coles (1999) , Shimer and Smith (2000) , and Shi (2001) are some examples in the theoretical literature. They present search models with two-sided heterogeneity and search frictions. A major aim of these studies is to investigate the way firms and workers sort themselves out when they form a match, and, in particular, whether the matching is positive assortative, meaning that the best firms team up with the best workers. Different equilibrium matching patterns are possible, depending on key assumptions like the transferability of utility, the logsupermodularity of the production function, and the commitment for a wage schedule. Which matching pattern actually arises in the labor markets is in the end an empirical question.
There are several reasons why it is important to know the actual matching pattern in the market. First, it allows us to test different economic models that predict distinct matching equilibrium patterns, and this gives insights into the realism of the assumptions on which the models rely. Second, it help us to understand the agents' behavior and the allocation in the labor market. Third, it is relevant for policy. In particular, labor market policies that target welfare of workers may have different effects depending on the existence and extent of assortative matching, because the latter determines the range of jobs available to a worker.
There are a few examples of empirical studies that provide evidence on assortative matching (Haltiwanger et al., 1999 , Van den Berg and Van Vuuren, 2003 , and Abowd et al., 2004 . The latter study focuses on wages as the main outcome variable, while the other two focus on total firm output. Specifically, Abowd et al. (2004) work with a model that predicts that indices of worker and firm productivity are measurable from wages, and so assortative matching is directly manifested in a wage equation from which firm-specific and worker-specific effects can be deduced. They find no evidence for positive assortative matching (PAM), i.e., a positive correlation between indices of worker and firm productiv-ity. The wage data approach is very flexible and takes account of a wide range of endogeneity issues. However, assignment models with coordination frictions and PAM, like the Shimer (2005) model, can generate positive or negative correlation between the firm and person effects as obtained from a wage equation. This calls for the analysis of productivity data. Haltiwanger et al. (1999) focus on output data. They use a panel of longlived firms and estimate the relationships between output, as measured by the natural logarithm of sales per worker, and workers' and firms' characteristics. The empirical specification imposes an additive linear production function, and hence assumes that workers' and firms' productivity inputs are perfectly substitutable.
The results indicate that PAM may be an important phenomenon in the US labor market. 1 Van den Berg and Van Vuuren (2003) investigate the sign and the extent of assortative matching in the Danish labor market. As Haltiwanger et al. (1999) , they take additive linear production functions and estimate these on a cross-section. They use the model estimates to construct a measure of firmspecific heterogeneity and relate this measure to workforce characteristics. 2 They conclude that PAM is a common phenomenon.
In the present paper, we empirically investigate the matching pattern between firms and workers using firm productivity data. We exploit that the data are longitudinal in both the worker and the firm dimension. The data cover the population of establishments in manufacturing and services in the private sector in Portugal. They contain annual detailed information on the workforce composition and firms' output over a fifteen year period. Using dynamic panel data methods, we quantify a firm-specific productivity term for each firm, and we relate this to the skill distribution of workers in the firm. Specifically, we estimate a general relationship between the output of the firm and its workforce composition, which we approximate using a translog specification. Estimating this translog approximation by fixed-effects methods, we are able to quantify the firm-specific productivity, and relate this to the skills of workers in the firm. We use the bootstrap to estimate standard errors.
Not all firms participate for the full fifteen years in our sample. Survival 1 They estimate regression in levels and in first differences. In the first case, they find statistical significance for workforce characteristics. In the second case, where they allow for firm-specific fixed effects, the effect of the workforce characteristics disappears. This may hint at assortative matching. However, this is not directly addressed by the authors.
2 More specifically, they take the coefficient of a regression of the fraction of low-skilled employees on firm-specific productivity as a measure of assortative matching. Note however, that they only had access to a single cross-section, which requires them to make strong assumptions in order to calculate the firm-specific effect. may depend on workforce characteristics, and hence the results may be affected by selectivity of surviving firms. We therefore estimate models on panels of different length to check on the robustness of our findings. We also check whether heterogeneity of search frictions across worker skills can explain PAM. For this purpose, we use data on job transitions to compute an index of search frictions for the different skills.
As we use Portuguese data, we briefly discuss some distinctive features of the Portuguese labor market (see also OECD, 1996 , 1997 , 1998 , Vieira et al., 2005 , and references in these sources). Compared to most EU and OECD countries, Portugal has low unemployment, low average labor productivity, and very high employment protection. Centralized collective bargaining covers most of the workforce. Private costs to geographic mobility are high. To some extent, the institutional constraints may hamper job transitions into better matches, and thus the degree of assortativeness may be particularly visible in the matches that occur upon workers' entry into the labor market. In this regard, it is relevant that youth unemployment in Portugal represented in the 1990s almost the double (or more) of the overall rate. 3 Among young unemployed, around 50% have never worked before, and the concentration of long-term unemployment is high: it varied between 40% and 20% from the mid-1980s to the late 1990s. 4 Furthermore, youth unemployment is higher for individuals with tertiary education than for those with lower education. Along with the expansion of higher education during the 1980s and early 1990s, unemployment increased for university graduates. This did not increase the likelihood of these individuals moving into non-university jobs (Cardoso, 2005) . This may suggest that individuals take quite long time until they reach their first match but that these first matches are to some extent assortative.
The paper proceeds as follows. The next section presents the empirical approach, with two subsections. In Subsection 2.1 we describe the specification and estimation method used to quantify the firm-specific productivity. In Subsection 2.2 we present the measures for assortative matching and we give details about the sensitivity analysis of those measures. Section 3 presents the data and describes the construction of the variables. Results are reported in Section 4. In Section 5, we investigate whether search frictions heterogeneity may be behind our findings on PAM. Section 6 concludes.
Empirical approach
Our ultimate objective in this study is to analyze empirically the way the two ex ante heterogeneous sides of the labor market sort themselves out by matching. For this, we first need to know the specific productivity of workers and firms. However, these are not directly observable in the data. What we can observe is the production of a firm that operate with its workforce. To obtain a measure of the specific productivity of workers and firms, we need thus to disentangle the contribution of each of them on the observed production. Intuitively, two firms having the same workforce composition can produce different outputs if their management skills or structure are different. In the same way, two firms with common management abilities or structure may have different outputs if their workforces differ.
Our empirical strategy to deal with this problem is based on a framework where heterogeneity in labor inputs and firm-specific productivity play both a central role. In particular, we assume that the observed output in firm i is the result of a relationship between different qualities of labor and firm-specific (unobserved) heterogeneity. The latter is derived from fixed-effects estimates of a translog approximation, which can be seen as a second order approximation to a generalized production function. Details about this translog approximation and the estimation of firm-specific productivity are presented in Subsection 2.1.
The productivity of the labor input of a firm is measured by the proportion of high-skilled labor in the total labor input of the firm. Assortative matching is then assessed by measures of association between the estimated firm-specific productivity and the proportion of high quality labor within the firm. 5 These measures are discussed in Subsection 2.2.
Estimation of the firm-specific productivity
We postulate that the output Y i observed in firm i is determined by a functional relationship between various different observed qualities of labor and the firmspecific unobserved heterogeneity:
where L ij denotes the quality of labor aggregate offered by workers with skill level j in firm i, v i stands for the firm-specific unobserved productive skill and F (.) represents a medium or long term production objective which is predetermined with respect to the actual observed value Y i .
We assume that in firm i, within the quality of labor aggregate of skill j, L ij , workers with different demographic characteristics are perfectly substitutable inputs with potentially different marginal products. For example, in case we distinguished workers only by gender, L ij would be defined as:
where M ij and F ij are, respectively, the number of males and females with skill j, and φ F is the marginal productivity of women relative men, within skill j.
For our analysis, we define quality of labor as:
stands for the proportion of hours offered by males (females) in age group h and schooling j, and φ j are parameters to be estimated. K φ j is the marginal productivity of women relative to men within schooling level F j, φ j is the marginal productivity of workers in the second age group relative to A 2 those in the first age group within schooling level j, and so forth. 6 This specification is similar to Hellerstein and Neumark (1995) and Hellerstein et al. (1999) . However, we allow here for greater flexibility in terms of marginal productivity differential between different demographic groups. For F (.) we specify the translog form, which may generally be viewed as a second order approximation to a generalized production function. We take this specification because we want to have F (.) as flexible as possible in order to obtain the best possible estimate of the firm-specific productivity. 7 The flexibility of the translog form is well known and it is the reason why it is increasingly and widely 6 Note that the definition of L implies that productivity differentials between groups are indicated by φ j being estimated to be significantly different from one (rather than zero). For example, an estimate of 0.8 for φ j would mean that women in schooling level j are on average F 20% less productive than men with the same schooling level.
7 Conventional Cobb-Douglas functions were also estimated. However the results for the translog approximation reject the Cobb-Douglas specification. � � � employed in empirical work. Basically, this form permits a greater variety of substitution patterns among input factors than functions based on constant and equal elasticities of substitution among all pairs of inputs. See Christensen et al. (1973) .
With three levels of labor skills (j = 1, 2, 3, where 1 and 3 stand for the lowest and highest skill level, respectively), the translog specification yields the following relationship:
with γ jk = γ kj for all (j, k) where Y it denotes the real sales per worked hour of firm i = 1, 2, ..., N in year t = 1, 2, ..., T , c i = ln(v i ) stands for time constant characteristics of firm i and � it are idiosyncratic errors, assumed to be independent and identically distributed over time and firms, with zero mean and equal variance. L jit , previously defined, are time varying regressors assumed to be strictly exogenous, conditional on the unobserved firm-specific effect c i . 8 The parameters γ j and φ j are to be estimated common to every firm within each industry. Two control variables were added to (4): the size of the workforce and an indicator for single establishment firms. 9 This specification incorporates the idea that two mediocre workers do not combine to make a good one, meaning that quantity of one skill type of labor cannot be completely substituted by any combination of the other skill types. Under this framework, in order to produce, a firm needs a workforce that combines the three labor skills. 10 Under this specification, labor quality is allowed to differ across skill levels, and across age and gender within skill categories. Furthermore, skills are complementary and workers with different ages and gender are substitutable but allowed to have different marginal productivities. Notice that we allow the productivity differential between age groups to vary across skill. 11
Equation (4) is estimated by nonlinear least squares (NLS). We do not want to impose that c i and L jit are uncorrelated and therefore use the within transformation of (4):
The within or fixed-effects estimation procedure is convenient for our purposes. First, our interest is mainly in c i as a measure of unobserved firm-specific productivity. We can retrieve an estimate of this (nuisance) parameter after having estimated the model. Second, the condition E{c i | L jit } = 0 will be violated in the case of assortative matching. Finally, our sample is possibly subject to non-random attrition and under some assumptions we can still consistently estimate the model parameters with the fixed-effect method. Lindeboom et al. (2002) provided a more detailed analysis of the possible sources of endogenous attrition and the advantages of the fixed-effects method.
Having estimated the parameters γ j and φ j k , we proceed with the estimation of c i as 3 3 3
The c i term captures stable key features such as the organizational and managerial skill, capital and technology endowment, to the extent that they are timeconstant over the observed time interval. We use it as the measure of the firmspecific productivity skill.
The estimates ĉ i are unbiased for any sample size. However, since they are time-series averages, their variance only tends to zero as T tends to infinity. Therefore, ĉ i are consistent if T is sufficiently large. environment. If strong search frictions hold, supermodularity is only necessary and the sufficient condition for PAM is then logsupermodularity. Notice however that the specified function does not have this property, since (lnf x ) xy = 0.
Measures for assortative matching
We next focus on the relation between the firm-specific effect and the workforce skill. A positive association between these two indicates the presence of PAM. The workforce skill of a specific firm is measured by the average (over time) fraction of highly-educated workers in that firm (L 3i ). We use three association measures: the traditional correlation coefficient, the rank correlation coefficient and the regression coefficient of a regression of the firm fixed effect on the proportion of highly educated workers in the firm. As with the estimation of the production function, these measures of assortative matching are estimated for each industry separately.
The traditional correlation coefficient identifies the sign and the degree of (im)perfection of the linear relation between the firm-specific productivity and the proportion of high-educated workers in the firm. A value of (+)-1 would indicate, for our data, P (c i = a + bL 3i ) = 1, for some constant a and a constant b(>) < 0. Since this correlation coefficient is dimensionless, we also present the estimates for b. This regression coefficient provides us a quantitative interpretation, giving an estimate of the average change of firm-specific productivity in response to an one percentage point change in the proportion of highly-educated workers.
The rank correlation coefficient is an association measure that uses the ranks instead of the actual values of the variables. As the traditional correlation coefficient, it varies between -1 and 1, but it is less sensitive to extreme values and it captures broader forms of association than a linear relation. With the rank correlation coefficient we get thus a measure of the degree of ordering of the two heterogeneous sides of the labor market. A value of 1 would mean that the highest-c i firm matches with the highest-L 3i workforce, and the second higher-c i firm teams up with the second higher-L 3i workforce, and so on; but the underlying relation between c i and L 3i is not required to be linear.
Not all firms in our sample participate in all waves and it is likely that the firm survival rate is related to the firm-specific unobserved productivity c i . In the case of assortative matching the c i will also be related to the skill level of the workforce. A consequence of this is that our association measures may change as the panel ages. Haltiwanger et al. (2007) investigate the adjustment of the workforce over the ageing of the firm and they find it to be consistent with both selection and learning. On the one hand, firms with better unobserved characteristics and better matches are found to have higher survival probabilities. On the other hand, new firms adjust their workforce composition towards the workforce of the longer existing firms. Under these mechanisms, a panel of long lived firms is likely to have firms with a higher average specific quality and with the best matches 3 than one panel of shorter time interval. In this case, we would find stronger evidence for assortative matching in the former panel than in the latter.
To evaluate the impact of this dynamics, we compute our measures for assortative matching using four panels with different minimum number of observations per firm: two, six, nine, twelve.
The "Quadros de Pessoal" data Our analyses are based on Quadros de Pessoal, a longitudinal matched employeremployee data set gathered by the Portuguese Ministry of Labor and Solidarity (see also, e.g., Vieira et al., 2005, and Cardoso and , for descriptions and analyses of this dataset). The data are collected through firms' annual reports. Firms are legally obliged to do this. The public administration and domestic service are not covered and the coverage of the agricultural sector is low. On the other hand, the manufacturing and private services sector is almost fully covered.
The firm data contain information on sales, employment, detailed industry, location, legal setting and ownership. The worker information includes gender, age, occupation, schooling, tenure, mechanism of wage bargaining, normal and overtime hours of work and gross monthly earnings (split into several components). The reported data report on the status of the workers in a reference week (March up to 1993 , October since 1994 .
An identification code is assigned to every firm at the time it enters the data set for the first time. The Ministry performs various checks to guarantee that the firm code does not change. The identification code of the worker is a transformation of the worker's social security number. Based on these identification numbers, one can match workers and firms, and follow both over time. The firm and worker data cover the period 1986-2000.
For each worker, we compute the monthly total (normal plus extra) hours of work. Workers are then grouped according to the three demographic characteristics that formed the labor types in our specification: gender, age and schooling. We consider three age groups -under 30, between 30 and 50, and above 50and three schooling categories 12 -low education (less than 4 years), medium education (6 or 9 years) and high education (more than 10 years 13 ). The grouping leads to 18 types of workers within the firm. The proportions of hours worked by the different types of workers within the firm are our measure of labor inputs.
There is some item non-response in the reported age and schooling (an average of 6% in each year 14 ). We discarded these individual observations from our sample. In these cases, the workforce composition within a specific firm is based on the remaining workers of whom we observe all characteristics. We implicitly assume that the item non-response is random. This may introduce some systematic measurement error on L jit . An alternative for this would be to eliminate every firm with at least one worker not fully characterized. This would however, result in the elimination of a large number of firms.
Beyond these workforce characteristics, we consider the following firm's variables: sales, total number of hours worked within the firm, industry, number of establishments, size of workforce and geographical location. 15 The reported sales volume relates to the previous year and is measured in thousands of escudos (a thousand escudos is around 5 euros). We use real sales (prices 1997) per worked hour as the measure of output of the firm. In this way, we control for differences in working times between various labor types (notably males and females). To obtain sales per hour we compute the ratio of the volume of monthly sales 16 and the sum of monthly hours of all workers in the firm. 17 Our dependent variable is real sales (per hour worked) and we therefore only keep firms in Manufacturing, Construction and Trade. In our translog function workers in different schooling categories are imperfectly substitutable inputs. A consequence of this is that output is zero in any firm that does not have workers in one of the three schooling categories that we consider. We therefore had to eliminate firms who had either no low-, medium or high-educated workers. We also excluded the observations in the top and bottom 1% of the sales distribution. Our within estimator requires at least 2 observations for a given firm. With all these selection criteria we end up with a panel of 39 543 firms and 204 537 firmyear observations. Around 45% of the firms are observed for 5 or more years, slightly more than 20% for at least 8 years and 6.5% for the full observation period. The participation pattern of firms in the panel is given in Table 2 .
In terms of the distribution of schooling, firms in our sample tend to employ more low educated workers than any others: low educated workers constitute around 45% of the workforce and high educated workers represent about 19%. In Trade, high education takes a relatively high share (25%).
On average firms employ more men than women. As expected, this difference is especially large in Construction. The gender differences vary with education. The shares of men and women are closer among high educated workers, especially in Trade.
Also the distribution of age changes with schooling level: workers aged 30-50 dominate among the low educated, and medium and high education are primarily younger workers. Trade tends to employ more older workers than the average firm in the panel.
Furthermore, the average firm in our panel employs around 57 workers. The smaller firms are those in the Trade and the largest those in Manufacturing. Regarding the sales, firms have on average a volume of 8 thousands escudos per each hour of work. Firms in Manufacturing have the lowest average sales. On the other hand, Trade is the sector with the largest sales and the smallest workforce.
It is important to notice that the data show a great amount of heterogeneity in the workforce composition. The large standard deviations presented in Table 2 indicate that the workforce composition tends to be substantially different across firms. We found evidence for heterogeneity on several other dimensions. Even after removing year and industry means, we found large variation of the skill composition across firms. For example, the distribution of the proportion of low educated workers still presents an interquartile range of 31 percentage points (p.p.) and that range is of 15 p.p. for the proportion of high educated workers. We also observe substantial variation in the workforce composition over time (within the panel, which means, over firm's ageing), as we may see from In general terms, the share of low educated workers within the firms tend to decrease substantially over time, while the shares of the other skill groups both increase. Looking at the interquartile ranges and variation coefficients, we see that time changes exhibit also large variation across firms. We also find that this heterogeneity across firms in terms of adjustments of the workforce composition tends to decrease over firm's ageing. For example, the variation coefficient of the time changes of the highest skill decreases from 10 to 2.8 when we move from a 4-to 12-years time horizon.
We estimate the firm-specific productivity and the measures of assortative matching on panels of different length. We do this to check the robustness of our findings. We use panels in which firms are observed for at least two, six, nine and twelve years in the period 1986-2000.
Results

Estimates for the translog specification
Here we present the estimates of the translog form described in Subsection 2.1. The models are estimated on the four different panels. Since our interest on these estimates lies on their use for quantifying the firm-specific productivity, here we only report the estimates obtained for the largest panel (Table 4 ). The parameters are estimated by industry using nonlinear least squares on equation (5). The table also provides information on statistical tests. For labor quality variables, we test whether the coefficient is significantly different from zero. However, given our definition of labor quality aggregates, the test of interest for the demographic characteristics is whether the coefficient is significantly different from one. We indicate for each variable whether the relevant hypothesis is rejected.
Since the results for the parameters γ of the translog function are not directly interpretable, here we focus on the estimates of marginal productivities of the demographic groups (φ).
The coefficients for females suggest that women are more productive in Manufacturing. This is also the case for highly educated female workers in the Trade and Construction sector.
The estimated age profiles vary with labor quality. They suggest that productivity increases considerably with age among low educated workers. However, among medium-and high-skilled workers, individuals aged 30-50 are the most productive. The differential between age groups is much lower for high educated workers. The Construction sector is an exception. Here the young are the most productive among the low educated workers.
Finally, coefficients for workforce size indicate that large firms are on average less productive.
For the various reasons previously discussed, we estimate the productivity regression 4 using the fixed-effects estimator. However, this estimator has the drawback of requiring strict exogeneity of the regressors. In our case, this means that decisions on the workforce composition (L ij ) can not affected by past or contemporaneous shocks on productivity or demand (� i ).
In general, this is a quite strong assumption. Though, it may be not very strong in the context of the Portuguese labor market, which presents the strictest regulation on employment protection within OECD. The strict regulation is very likely to act as a barrier to feedbacks from demand or productivity shocks to workforce composition.
As a robustness test, we estimate the productivity regression assuming workforce composition to be predetermined instead of strict exogenous. This allows for correlation between the regressors and past shocks. Under this assumption, we need to use the difference GMM estimator (Arellano and Bond, 1991) . Notice that this is an estimator for linear models and to adjust to non-linear case would be quite cumbersome. Therefore, for this part of the analysis we use the linearized version of the translog specification. 19 The results obtained with difference GMM turn out to be mediocre, as the various sets of instruments we used were all rejected by the Hansen test. Since the variables were found to be somewhat persistent, we proceed using system GMM Bover, 1995, Blundell and Bond, 1999) . The extended sets of instruments are again rejected. In a third stage, we estimate a dynamic version of the productivity regression, allowing the shocks � i to be serially correlated. We estimate a large variety of specifications with different sets of instruments but results were not satisfying for any of the cases. Even if we find some sets of instruments to be valid and errors to be serially uncorrelated, the explanatory power of the linear regression productivity is always very poor, with workforce composition being basically insignificant. 20 In few words, though these estimators allow for more flexibility in terms of the exogeneity of the regressors, they do not produce satisfying results in our setting. 21, 22 We proceed our analysis based on the fixed-effects estimates of the translog specification previously presented.
Measures for assortative matching
We use the estimates of the parameters γ and φ of the translog approximation, to calculate the firm-specific unobserved productivity c i . Next we relate the estimate ĉ i to a skill measure of the workforce. The skill level of workforce is measured as the time average of the share of high-educated workers in the firm.
In this subsection we present three different measures for the association between the skill of workforce and the firm-specific productivity: traditional correlation coefficient, rank correlation coefficient and regression coefficient (see Section 2.2). The association measures were computed with four different panels. This 19 The linearization implies that, within each type of labor L ij , demographic groups are not distinguished.
20 Results for the several specifications and persistence of the series are available upon request. 21 A good performance of these estimators is well-established in the estimation of production functions, which is slightly different from our case. Note that our objective is primarily to estimate the unobserved firm-specific productivity by correcting for observed workforce characteristics in a flexible way, while usual estimation of production functions use series of labor and capital inputs in order to estimate elasticities and returns to scale of those inputs.
22 Studies focused on the estimation of production functions have shown that in the presence of correlations between the inputs and the firm-specific productivity shocks, the within-estimator often underestimates the coefficients of the inputs (See e.g. Blundell and Bond, 1999 and Levinsohn and Petrin, 1999) . However, to predict the direction of the bias on the estimated firm effects is not straightforward. was done in order to check on the robustness of our findings. A high positive association is an indication of strong PAM. The results are presented in Table 5 . Panel 1, 2, 3 and 4 are panels that include only firms that are observed for at least 2, 6, 9 and 12 years, respectively. The dimension of each panel is presented in the bottom part of the table. Together with the point estimates, we present information on their accuracy, obtained through bootstrapping.
A first look on the Table 5 gives a very clear qualitative conclusion. Our results provide evidence for PAM in the Portuguese labor market. The three measures are significantly positive for all sectors in almost every panel.
The size of the association measures suggests that PAM is also quantitatively important. There are however, some differences across sectors. All measures and panels provide consistent evidence that Construction is the sector in which PAM is stronger, followed by Manufacturing and then Trade. In Construction, the correlation between firm's and worker's skills is estimated to be close to 0.37 in the panel of the shortest length. Notice that the traditional and the rank correlation coefficients are very close being respectively of 0.371 and 0.365. This similarity is generally observed in the other sectors and remaining panels. This indicates that workers and firms in each sector tend to match following an ordering pattern that is almost fully described by a linear relation. In Manufacturing, these correlations are very close to 0.30 and in Trade close to 0.15.
The third panel of the table reports the estimates of the regression coefficient of the firm-specific productivity on the proportion of high-educated workers in the firm. The values are generally large and significant. These results indicate that the magnitude of changes in the workforce composition on firm-specific productivity is large.
As expected, we find higher association measures when we increase the length of the panel, i.e. when we condition on firm survival up to a certain number of years. The surviving firms have on average a higher firm-specific productivity and a higher skill level of the workforce. This holds for every sector. A notable increase is observed for the construction sector: the correlation coefficient between firm's and workers' skills increases from 0.37 in Panel 1 to 0.63 in Panel 4. The regression coefficient of this same industry goes up from 3.05 to 5.35. In Manufacturing, the change in the measures follows the same features. The correlation coefficient ranges between 0.30 and 0.37, taking intermediate values in Panels 2 and 3. Similarly, the regression coefficient increases from 2.23 to 2.52.
These measures of assortative matching were also computed taking the lowest education category as reference instead of the highest and they are presented in Table 6 . The results are consistent with the PAM. In particular, the correla-5 tions between firm-specific productivity and the proportion of the lowest-educated workers are negative for all industries. Looking at the different panels, we find the same conclusion regarding the sensitivity of assortative matching to the length of the analyzed panel. In general, the measures become more and more negative as we increase the minimum number of observations per firm.
We also measured assortative matching taking all the analyzed industries together. We do not present the results here, but the sign of assortative matching for the whole sampled market is also positive and its extent is about an average of the those obtained for each industry.
The results on the sensitivity of measures of assortative matching to the stability of sampled firms lend some credence to the hypothesis of learning and selection, a hypothesis already supported by previous empirical literature like Haltiwanger et al. (2007) , as discussed in Section 2.2. It also means that the degree of PAM may depend on sample selection criteria, like firm survival.
Search frictions heterogeneity
The association measures tell us whether or not assortative matching is important. It is possible that PAM is driven by heterogeneity in the amount of search frictions across skill levels. All worker types may be attractive for all firm types, but the high-skill workers may simply be less constrained by search frictions than the low-skill workers. In this scenario, high-quality workers would reach the highquality firms more easily, leading to the observation of PAM. Stated differently, if we do not find evidence for search frictions heterogeneity across skills then PAM is due to high-productivity firms (workers) not wanting to team up with low-productivity workers (firms). Van den Berg and Van Vuuren (2003) have addressed this issue before. They call the two explanations for PAM "two-sided sorting" and "search friction heterogeneity". They distinguish between the two explanations by investigating whether sectors and regions where the PAM is high also have low search frictions. They find that sectors and regions with lower frictions display more PAM.
It is common to measure the amount search frictions by way of the expected number of job offers in a spell of employment (see e.g. Ridder and Mortensen, 2003) . In on-the-job search models this is translated by the ratio of job offers arrival rate and the layoff rate. In this paper, since we observe the individuals only at one point of the year, we use a discrete time approach and exploit data on job transitions to estimate an index of search frictions for the three skill levels within different submarkets. We then investigate whether the degrees of frictions tend to differ across skills and whether the magnitude of that inter-skill difference is correlated with the extent of assortative matching across submarkets.
Considering the history of each worker between period t and period t + 1, we can observe three possible outcomes: stay in the same firm, move to another firm of the private sector and leave the labor force of the private sector (meaning enter into unemployment, public sector, retirement, or other status uncovered by our data). Our index for search frictions is then defined as the ratio between the observed probability of moving to another firm and the probability of leaving the private sector, the latter being a proxy of movements caused by layoff.
The analysis is based on various short (three year long) panels of individual workers. Information on the first year is only used to select individuals who are employed for more than one year. We do this to ensure some homogeneity in the search environment faced by the sampled workers. The data on the second and third year are then used to obtain the outcome of relevance.
For each worker we record information on schooling, age, gender and on location and industry of their employers. The schooling, age, gender and industry variables are defined as in the panel of firms. We keep only workers employed in Manufacturing, Trade or Construction. Location is aggregated to five large regions: North, Centre, Lisbon and Tagus Valley, Alentejo and Algarve, and a last one with the islands Azores and Madeira. Submarkets are defined by combinations of industry and region.
Tables 7, 8 and 9 report the results for the index of search frictions in each of the industries. For sake of simplicity, we discuss here the results for four pairs of years and three regions. The last column of the tables gives the inters-kill differential, computed as the difference between the indicator for high-skilled workers and low-skilled workers. This is our measure for search friction heterogeneity. Table 7 shows that in Manufacturing the inter-skill differential varies between -0.051 and 0.368. For Construction, results of Table 8 indicate that the inter-skill differential is in the range -0.093 and 0.316, being some of these not significant. The situation for Trade is quite similar: values are between -0.026 and 0.282, and insignificant for some years.
These tables offer similar broad conclusions: the values of the inter-skill differential vary within a quite large range, and some of them are not significantly different from zero. Furthermore, in some cases the indicator takes on a negative sign, which contradicts the hypothesis that high-skilled workers face lower search frictions. We can also observe that there is a clear global time trend: the interskill differential increased from 1987 to 1999 and in the last years the inter-skill 6 differential is generally positive. 23 These results indicate that there is some search friction heterogeneity across skills, notably in the more recent years. It has to be noted though that our measure of search frictions deviates from what is commonly used in the literature: the ratio of job offer arrival rate and the layoff rate. Basically, our index differs from the traditional one in the sense that the observed job-to-job transitions are those received offers that were accepted, so they depend on the relative position of the workers in the wage distribution. Considering that high-skill workers tend to have higher positions in the wage distribution, we can expect that our index underestimates more heavily the search frictions for high-skill than it does for low-skill. This would result in an underestimation of the inter-skill difference of search frictions.
One can reasonably assume that this underestimation is roughly the same across submarkets, and thus use the obtained results to investigate in a valid way whether the pattern of heterogeneity is systematically related with the degree of assortative matching across submarkets. 24 Table 10 presents descriptive statistics for both search frictions differences and assortative matching. The means for the measures of assortative matching indicate that PAM measured by regional submarkets is clearly lower. The correlation between search frictions differences and assortative matching is estimated to be positive but not high. Considering the correlation coefficient as the measure of assortative matching, the correlation between search frictions heterogeneity and assortative matching is around 0.20. Taking the regression coefficient, this correlation becomes lower, about 0.14.
These results do not provide a clear evidence that behind the found PAM lies or does not lie search frictions heterogeneity across workers skills. Data that is more informative on search frictions would be necessary to provide a more clear evidence.
Conclusion
Labor market theories provide different and contradicting predictions regarding the equilibrium pattern of assortative matching between worker and firms. We use a unique Portuguese data set to test these predictions. These data are particularly suitable for our purposes, for various reasons: the data are longitudinal in both worker and firm dimensions, the output of all firms in the private sector is known for several years, a detailed characterization of the complete workforce of the firm is available, and the number of hours worked by each employee is reported. With this information we are able to extract the firm-specific unobserved productivity and use these to test whether positive assortative matching (PAM) is important in the Portuguese labor market.
The empirical results on the sign and extent of assortative matching are unambiguous. There is strong PAM in the Portuguese labor market. In other words, firms and workers of similar productivities tend to match together. We also find that the degree of assortative matching varies across industries.
As discussed in Section 1, the Portuguese labor market has institutional features that may boost PAM. It would be an interesting topic for further research to examine whether other countries, with different institutions, display different degrees of PAM.
A sensitivity analysis based on panels of different lengths shows that assortative matching is stronger when measured among long-lived firms only. It is not easy to interpret this result. After all, long-lived firms compete with short-lived firms. However, long-lived firms are on average more productive, so it seems that as time proceeds their part of the market moves towards the completesegmentation equilibrium assignment outcome in a perfect market (Becker, 1973) .
The results on the question whether PAM is explained by cross-skill heterogeneity of search frictions are not completely unambiguous. There is some evidence for search frictions heterogeneity across skills, but we do not find a strong correlation between the degree of search friction heterogeneity and the extent of assortative matching across submarkets. Notes: The columns 3, 4 and 5 report our search frictions indicator: the ratio between observed probabilities of moving to another firm and of leaving the labor force of the private sector. The inter-skill differential is computed as the difference between columns 3 and 5. Standard errors (between brackets) were obtained through bootstrapping. Statistical significance at the 5% level is indicated by **. Notes: The columns 3, 4 and 5 report our search frictions indicator: the ratio between observed probabilities of moving to another firm and of leaving the labor force of the private sector. The Inter-skill differential is computed as the difference between columns 3 and 5. Standard errors (between brackets) were obtained through bootstrapping. Statistical significance at the 5% level is indicated by *. Notes: The columns 3, 4 and 5 report our search frictions indicator: the ratio between observed probabilities of moving to another firm and of leaving the labor force of the private sector. The Inter-skill differential is computed as the difference between columns 3 and 5. Standard errors (between brackets) were obtained through bootstrapping. Statistical significance at the 5% level is indicated by **. Notes: For each measure, we have 150 observations. Correlation and regression coefficients refer to the relation between the firm fixed effects and the proportion of high-skilled workers. These were estimated based on the panel including all the firms observed at least two years.
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